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Sydney Coastal Dry Sclerophyll Forest 
Abstract 
Australia is one of the most fire-prone continents in the world (King et al, 2011). Fire can be a great threat 
to human safety and property (Bradstock & Gill, 2001) and so it is important that effective techniques are 
developed to be able to predict future fire events. The amount of fuel available to burn strongly 
determines the likelihood of a fire occurring and the nature of the fire (e.g. severity, intensity) (Bradstock, 
2010). Traditionally researchers have attempted to predict future fire events by manually measuring fuel 
in the field. However such methods at large spatial scales are time-consuming, costly, require man-power 
and are limited for regions inaccessible to humans. For these reasons remote sensing methods are 
becoming increasingly popular to measure fuel (Frokling et al, 2009). However, only a few studies have 
been conducted in Australia to investigate the potential of remote sensing for measuring fuel. Australian 
studies have only tested a small number of spectral indices, have not tested the effects of the 
understorey layers on the spectral signal over long time-periods of fuel accumulation and have not taken 
into consideration dead fuel components in the forest layers. This research project attempted to fill these 
gaps in the research by assessing the ability of Landsat 5 TM in measuring fuel loads. Seven different 
indices were compared in their ability to measure fuel in Sydney Coastal Dry Sclerophyll Forest, a forest 
characterised by a prominent understorey and the presence of both live and dead fuel. Ground truth data 
extracted from a fuel database for 31 sites was regressed against spectral indice values calculated from 
the Landsat images. Two approaches were used: Approach 1 did not account for phenological variation; 
Approach 2 did account for phenological variation. Results found that overall moisture indices (NDIIb5 
and NDIIb7) performed the best at measuring fuel cover, as they were not greatly affected by phenological 
variation or hindered by the presence of dead fuel. Greenness indices (SR, NDVI, GNDVI and SAVI) 
performed well at measuring fuel but only when phenological effects were accounted for and dead fuel 
was eliminated from the GT data. When indices performed well they all improved with the addition of the 
elevated fuel cover layer, suggesting that in this forest type, the understorey significantly contributes to 
the spectral signal. SATVI was affected by phenological variations, but when this was accounted for it 
was not as affected by the presence of dead vegetation. The main implication from this study was that, in 
multiple layered forests that contain dead fuel in the layers, indices that incorporate SWIR wavelengths 
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Australia is one of the most fire-prone continents i  the world (King et al, 2011).  Fire can be 
a great threat to human safety and property (Bradstock & Gill, 2001) and so it is important 
that effective techniques are developed to be able to predict future fire events.  The amount of 
fuel available to burn strongly determines the likelihood of a fire occurring and the nature of 
the fire (e.g. severity, intensity) (Bradstock, 2010).  Traditionally researchers have attempted 
to predict future fire events by manually measuring fuel in the field.  However such methods 
at large spatial scales are time-consuming, costly, require man-power and are limited for 
regions inaccessible to humans.  For these reasons remote sensing methods are becoming 
increasingly popular to measure fuel (Frokling et al, 2009).  However, only a few studies 
have been conducted in Australia to investigate the pot ntial of remote sensing for measuring 
fuel.  Australian studies have only tested a small number of spectral indices, have not tested 
the effects of the understorey layers on the spectral signal over long time-periods of fuel 
accumulation and have not taken into consideration dead fuel components in the forest layers.  
This research project attempted to fill these gaps in the research by assessing the ability of 
Landsat 5 TM in measuring fuel loads. Seven different indices were compared in their ability 
to measure fuel in Sydney Coastal Dry Sclerophyll Forest, a forest characterised by a 
prominent understorey and the presence of both live and dead fuel.  Ground truth data 
extracted from a fuel database for 31 sites was regressed against spectral indice values 
calculated from the Landsat images.  Two approaches were used: Approach 1 did not account 
for phenological variation; Approach 2 did account for phenological variation.  Results found 
that overall moisture indices (NDIIb5 and NDIIb7) performed the best at measuring fuel 
cover, as they were not greatly affected by phenological variation or hindered by the presence 
of dead fuel.  Greenness indices (SR, NDVI, GNDVI and SAVI) performed well at 
measuring fuel but only when phenological effects were accounted for and dead fuel was 
eliminated from the GT data.  When indices performed well they all improved with the 
addition of the elevated fuel cover layer, suggesting hat in this forest type, the understorey 
significantly contributes to the spectral signal.  SATVI was affected by phenological 
variations, but when this was accounted for it was not as affected by the presence of dead 
vegetation.  The main implication from this study was that, in multiple layered forests that 
contain dead fuel in the layers, indices that incorporate SWIR wavelengths may prove to be 
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Chapter 1: Introduction 
 
1.1 The problem of fire in Australia 
Australia is one of the most fire-prone continents i  the world (King et al, 2011).  In south-
eastern Australia periodic episodes of extreme fire weather (e.g. 1939, 1983, 2003 and 2009) 
have resulted in large, high intensity fires that hve negatively affected people and property 
(Bradstock & Gill, 2001; King et al, 2011).  In the Sydney Basin over 580,000 and 425,000 
hectares of bushland were affected by fire in 2001/2 and 2002/03 fire seasons respectively 
(Caccamo et al, 2012).  In order to reduce the impacts of extreme fire weather on 
communities and ecosystems, research has focused on the key factors that influence the 
nature of fire regimes, in terms of their severity, intensity, frequency and spatial distribution.  
Fuel load is considered a major factor affecting fire (Bradstock, 2010).  Fuel is defined as “all 
material that is available to be burnt in a fire” (Brandis & Jacobson, 2003).  The more fuel 
that is available for a fire to consume, the more severe or intense a fire can be.  The 
availability of burnable fuel, or litter, is determined by local climatic conditions, such as 
weather and moisture levels (Brown & Johnstone, 2012).  For example, drought will cause 
vegetation to dry out and senesce, creating an increase in litterfall from trees and shrubs.  
This dry fuel is easier to ignite and consume, so will lead to more intense and severe fires 
(Bradstock et al, 2010).  Fire managers have implemented prescribed burnings which are 
designed to minimize fuel loads to reduce the intensi y and severity of fires and maximise fire 
controllability (Gill & McCarthy, 1998; Ryan & Williams, 2011; Wittkuhn et al, 2011). 
Current climate change conditions are predicted to change the accumulation rate of fuel in 
Australia (Bradstock, 2010), which in turn will affect the nature of fire regimes, as has 
already been observed in other parts of the world (e.g. Brown & Johnstone, 2012).  Increases 
in atmospheric carbon dioxide (CO2) have been found to favour and assist the recovery of 
woody vegetation (e.g. trees) after disturbance events such as fire (Lamont et al, 2011; Bond 
& Midgely, 2012).  It is predicted that if growth of woody vegetation cover (i.e. fuel) in 
Australia increases, coupled with anticipated drier climatic conditions, there is a strong 
likelihood that future fires will be more severe (Williams et al, 2009).  It is therefore crucial 
that suitable methods be found to predict future fuel loads.  
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In the past, measuring fuel loads has been done manually in the field, but fieldwork at large 
spatial scales is time-consuming and costly.  A great number of studies have focused research 
on the ability of remote sensing to accurately measure fuel properties.  Remote sensing 
instruments possess the ability to obtain information about an object without being in direct 
physical contact with the object (Jensen, 2007).  Remote sensing methods have a number of 
advantages over field measurement techniques. They can obtain data over a greater spatial 
extent in a shorter time-frame, are cost-effective and can collect fuel data from forest regions 
inaccessible to humans (Frokling et al, 2009).  There have been a number of previous 
attempts around the world to measure vegetation properties and fuel using remote sensing 
methods (e.g. Foody et al, 2003; Rollins et al, 2004; Krasnow et al, 2009; Reeves et al, 2009; 
Fatoyinbo & Armstrong, 2010; Chen et al, 2011; le Maire et al, 2011; Avitabile et al, 2012; 
Forzieri, 2012).  In particular canopy cover has been found to be an accurate predictor 
variable for fuel in fire models and can be successfully determined from satellite images and 
photographs (Krasnow et al, 2009).  A number of studies have found that spectral indices 
derived from remotely sensed images are strongly related to canopy cover (e.g. Franklin et al, 
1991; Carreiras et al, 2006; Smith et al, 2009; Sprintsin et al, 2009; Boggs, 2010; Yang et al, 
2012).  
One major limitation of remote sensing methods however, is that they are site-specific and 
normally cannot be used across different vegetation types, so field data needs to be collected 
at each separate site and tested against remotely sensed data to provide the most accurate 
results (Bi et al, 2010; Feldpausch et al, 2011).  In Australia, studies on remote sensing 
methods for measuring fuel are limited.  Some studies have been conducted (e.g. Brandis & 
Jacobson, 2003; Chafer et al, 2004; Jacobson, 2010; Caccamo et al, 2012) to test the ability of 
remote sensing to measure fuel load or properties, but further work needs to be conducted. 
Firstly, only a small range of spectral indices have been used to measure fuel properties in 
Australia.  Most studies have relied on the commonly used Normalized Difference 
Vegetation Index (NDVI) (Rouse et al, 1974) and moisture-sensitive indices, such as the 
Normalized Difference Moisture Index (NDMI) (Gao, 1996).  Caccamo et al (2011) 
measured fuel moisture properties using a range of MODIS-derived indices, but more 
research needs to be conducted to test their ability to measure fuel load using sensors with 
higher spatial resolutions.  Secondly, Australian forests are characterised as having multiple 
layers of fuel (Gould et al, 2011).  Jacobson (2010) conducted studies on the ability of remote 
sensing to measure multiple layers of fuel (i.e. canopy, shrub and surface layers) but only 
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conducted this study on vegetation in its first year of recovery after a fire.  More research 
needs to be conducted to determine if remote sensing ca  measure fuel loads in multiple 
layers after fuel has had a longer time-span to recv r and accumulate. 
Thirdly, no studies in Australia have investigated he contribution of dead fuel to the spectral 
signal.  Spectral indices are designed to be sensitive to live fuel properties, but Australian 
forests contain components of dead fuel in its multiple layers.  The current study will be 
conducting preliminary analyses to compare the performances of a range of spectral indices, 
determine if understorey vegetation contributes to the spectral signal and if the presence of 
dead fuel affects the spectral signal.  
 
1.2 Project Aims 
Based upon the gaps in research stated above, the aims of the current project were to: 
1. assess the ability of Landsat-derived spectral information for measuring fuel 
properties in Australian Sydney Coastal Dry Sclerophyll forest; 
2. analyse the capability of Landsat-derived spectral indices to retrieve information 
about fuel properties of multiple forest layers; and 





Chapter 2: Literature Review 
 
2.1 Introduction 
Fire poses as a major hazard to the environment and humans when it is not controlled (Gill & 
McCarthy, 1998; Bradstock & Gill, 2001; King et al, 2011; Ryan & Williams, 2011; 
Wittkuhn et al, 2011).  Consequently it is important to be able to understand the nature of and 
measure fuels that contribute to fire and be able to predict future fire events.  The aim of the 
following chapter is to review previous research conducted on the measurement of fuel and 
vegetative properties in forests.  Originally fuel properties in Australia have been measured 
manually in the field, but due to the limitations of fieldwork, research investigating the 
potential of remote sensing to measure fuel load is increasingly becoming popular.  When 
refined and tested for accuracy, remote sensing methods can prove to be more advantageous 
over fuel measurements because they are cost and time-effective and have the ability to cover 
greater spatial and temporal scales (Frokling et al, 2009).  The main methods for measuring 
fuel have been based upon determining relationships between spectral indices and vegetation 
properties, such as biomass or canopy cover.  The curr nt study focused upon canopy cover 
because in Australian dry sclerophyll forests most fuel litter originates from the canopy 
(Brandis & Jacobson, 2003; Gould et al, 2011).  Canopy cover is also an easier variable to 
measure than biomass (less time-consuming and less field resources required), so it would be 
advantageous to find it to be an accurate variable for measuring fuel.  As can be found in the 
literature however, the effectiveness of indices varies between locations and vegetation types.  
The accuracy of indices can also be affected by the presence of understorey vegetation and 
dead fuel, two factors that Australian research is limited in. 
 
2.2 Australian Fuel Characteristics 
The ability to accurately measure fuel loads in Australian forests is critical for fire 
management practices.  Fine fuel (litter, bark and u erstorey vegetation) is the greatest 
contributor the fuel loads (Brandis & Jacobson, 2003).  This fuel can consist of both live and 
dead biomass (Rollins et al, 2004) and is the greatest contributor of energy to fires (McCaw 
et al, 2012).  In Australia, eucalypt litter fuels are not homogeneous, but can be stratified into 
a relatively compacted horizontal surface fuel layer with an aerated, less compacted upper 
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layer (Gould et al, 2011).  Studies conducted on fuel structure in Australia (e.g. Gould et al, 
2011) have described that forest fuel layers can be broken down into five distinct layers 
(Figure 1).   
 
Figure 1: The visual identification of fuel layers in a typical Australian Eucalypt Forest. 
Source: Gould et al (2007) 
 
The Overstorey layer contains the uppermost canopy layer of the for st formed by dominant 
and co-dominant trees.  The Intermediate layer is a distinct under-layer consisting of shorter 
trees (immature overstorey species or species with intermediate stature) with crowns either 
below or extending into the lower part of the forest canopy.  The Elevated layer consists of 
tall shrubs and other understorey plants without significant suspended material, including 
regeneration of overstorey species mixed with shrubs and can include both live and dead fuel 
material.  The Near-surface fuel layer contains a mixture of live and dead materi l, consisting 
of grasses, low shrubs, creepers and collapsed understorey that contains suspended leaf, twig 
and bark material from the overstorey vegetation.  Finally, the Surface fuel layer consists of 
predominantly dead material such as leaves, twigs, and bark from the higher vegetation 




Olson (1963) was the first to quantify fuel in the natural environment, realising that the 
accumulation of litter acts as a function of continuous litter-fall and could be described using 
the following relationship: 
X = L/k.(1-e-kt) 
Where X is the litter remaining after t, L is the rate of litter fall, k is the loss or decomposition 
rate, and t is the period of litter fall (years).  In fire-prone landscapes, the period of litter fall 
begins from the Time Since Fire (TSF) (Olson, 1963).  Fuel load changes as a function of 
TSF (Figure 2).  
 
Figure 2: Pattern of litter accumulation as a function of TSF in a Eucalypt Forest. Source: 
Brandis & Jacobson (2003). 
 
In the first few years after fire, the rate of fuel accumulation is greater, as vegetation growth 
is more productive.  As the forest starts to reach a full recovery, production slows and the rate 
of fuel accumulation is equivalent to the rate of decomposition (Figure 2).  
Based on this understanding of how fuel loads accumulate, Conroy (1998, cited in Brandis & 
Jacobson, 2003) adapted Olson’s (1963) work to predict fuel loads in Sydney vegetation 
types using the following model:   
F = a – c *(e-bt) 
Where F is the estimated total fuel load, a, b and c are constants and t is the TSF. 
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Brandis and Jacobson (2003) further conducted studies on fuel accumulation in Popran 
National Park (NSW) using Conroy’s equation and found that it was accurate in predicting 
fuel loads for this particular vegetation type.   
 A number of studies have used visual assessment techniques to measure fuel in the field and 
these have also been found to be useful in creating fuel models.  Visual assessment 
techniques are important because they are non-destructive, easy to learn and allow for a 
number of sites to be sampled in a shorter amount of time (Brandis & Jacobson, 2003).  For 
example, Brandis and Jacobson (2003) also tested the following model developed by Morris 
(1997, cited in Brandis & Jacobson, 2003) to estimate fuel loads from the visual assessment 
of litter cover:  
F = (%Cl x Dl) + (%V0-50 + %V50-100 + %V100-150) / 20 
Where C is percentage litter cover, D is litter depth and V is percentage volume of vegetation 
at heights 0-50, 50-100 and 100-150cm.  Gould et al (2011) developed a visual assessment 
hazard score method for measuring fuel load, which was found to also be related to TSF.  
Gould et al (2011) formulated the following non-linear relationships to describe fuel 
characteristic change since last fire (adapted from Olson, 1963): 
fp = ss(1-e-k x age) 
and 
fp = (a x age)/(b + age) 
Where fp is the fuel parameter value (e.g. cover, depth, height, hazard rating) at a given fuel 
age (months) and ss, k, a and b are regression constants.  More recently, Watson et al (2012) 
conducted studies on fuel accumulation since TSF in the Sydney Basin bioregion.  Models 
were not developed from this study but the results did show a trend of supporting Gould et al 
(2011), where fuel loads (measured with visual hazard scores) showed a similar pattern of 
accumulation in relation to TSF (Watson et al, 2012). 
Another common visually assessed fuel variable is “canopy cover”, which refers to the 
percentage cover of the vertical projection of treecrowns within a radius of view (McElhinny 
et al, 2005).  As most fuel originates from the canopy layer, and canopy cover has been found 
to be related to biomass (Suganuma et al, 2006) (and in turn biomass is an indicator of fuel 
load) measuring canopy cover can provide an indication of future fuel loads (Brandis & 
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Jacobson, 2003; McCaw et al, 2012).  Canopy cover has already been found to be a useful 
predictor variable when predicting fire models (Krasnow et al, 2009).   
Field measurement techniques have proven to be accurate at measuring fuel loads, but they 
are limited by a number of factors.  Firstly, fuel load models are site-specific and normally 
cannot be used across different vegetation types, so field data needs to be collected at each 
separate site (Bi et al, 2010; Feldpausch et al, 2011) which is costly and time-consuming 
(Brandis & Jacobson, 2003).  Measuring variables such as biomass can require excessive use 
of man-power and equipment and are difficult to employ in less accessible locations (Good et 
al, 2001).  As a result, research is being conducte to investigate the potential of remote 
sensing for measuring fuel properties. 
 
2.3 The use of Remote Sensing  
Remote sensing describes the science of obtaining iformation about an object without being 
in direct physical contact with the object (Jensen, 2007).  Remote sensing holds a number of 
advantages over field measurement techniques.  Much of t e time it is cost-effective, less 
time-consuming and can cover greater temporal and spatial scales.  Because forests are 
widespread, vast and can be inaccessible, spaceborne remote sensing has played a huge role 
in overcoming these problems by providing large-scale overage and repeated viewing with 
the same instrument (Frokling et al, 2009).  Studies conducted have found that remote 
sensing has the ability to indirectly measure fundamental forest properties such as biomass, 
stand age, canopy height, leaf area and productivity (Frokling et al, 2009).  In particular, 
canopy cover (which stated earlier is a successful predictor variable for future fuel loads) is a 
common variable that can be measured by remote sensing.  Remote sensing has been found in 
a number of studies to accurately measure canopy cover, which can be successfully 
determined from satellite images and photographs (Krasnow et al, 2009).   
Passive remote sensors (e.g. Landsat, MODIS, AVHRR) define objects by the measurement 
of reference incoming solar radiation most commonly from visible (0.4-0.7µm), Near 
Infrared (NIR) (0.7-1.2µm) and Short-Wave Infrared (SWIR) (1.2-2µm) wavelengths 
(Frokling et al, 2009).  While a number of studies have used active remote sensing techniques 
(e.g. Lucas et al, 2006, conducted studies on measuring Australian forest structure using 
Lidar) the focus of this study will be on passive remote-sensing.   
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Healthy vegetation creates a distinct spectral signal from passive sensors (Figure 3).  
 
Figure 3: Spectral reflectance signal across wavelengths for healthy vegetation. Source: The 
Scottish Government (2009) 
 
Landsat TM and ETM+ images in particular have been fou d to be useful because they are 
relatively inexpensive (archives are freely available online), are widely available and date 
back to 1984 (Resasco et al, 2007).  Landsat also h an advantage over MODIS in measuring 
certain vegetation properties because it has a moderate spatial resolution of 30m, in 
comparison to MODIS which has a coarse spatial resolution of 250-1000m (Hansen et al, 
2008).  Landsat 5 TM measures a variety of physical properties from seven wavelength bands 
(Table 1). 
In order to distinguish vegetation features from images a number of techniques have been 
employed, such as Spectral Mixture Analysis (SMA) (e.g. Somers et al, 2010; Yang et al, 
2012) and geometric-optical model techniques (e.g. Scarth & Phinn, 2000; Chopping et al, 
2011), but the most common methods involve using spectral indices, which the following 




Table 1: the Landsat 5 TM sensors comprise seven bands: bands 1-3 represent visible 
wavelengths (blue, green and red); band 4 represents NIR wavelengths; bands 5 and 7 
represent SWIR wavelengths; band 6 represents thermal infrared wavelengths. 
Landsat 5 TM 
Band 
Wavelength (µm) Spatial Resolution 
(m) 
1 0.45 - 0.52 30 
2 0.52 - 0.60 30 
3 0.63 - 0.69 30 
4 0.76 - 0.90 30 
5 1.55 - 1.75 30 
6 10.40 - 12.50 120 
7 2.08 - 2.35 30 
 
 
2.4 Spectral Indices 
Spectral indices are combinations of bands that reflect different aspects of plant growth and 
distribution (Li et al, 2012).  With the understanding of how vegetation interacts with 
oncoming radiation, a wide variety of spectral indices have now been developed that can 
indirectly measure vegetation physical properties.  The most common indices have been 
developed to measure the “greenness” (i.e. how much visible radiation is being absorbed or 
reflected) or the “moisture content” of the plant.  Greenness indices are based upon the 
principle that healthy vegetation reflects NIR due to intra- and inter- leaf scattering and 
absorbs most red and blue wavelengths by photosynthetic pigments (Law & Waring, 1994; 
Carreiras et al, 2006).  As such they provide contrast between the reflectance of vegetation 
(which reflects NIR wavelengths) and the surrounding soils (which reflect Red wavelengths) 
(Tucker, 1979; Law & Waring, 1994).  The most widely used greenness indices are the 
Simple Ratio (SR) (Birth & McVey, 1968) and the Normalized Difference Vegetation Index 
(NDVI) (Rouse et al, 1974).  SR is calculated as: 
SR = ρNIR/ρred 
More commonly used is NDVI, which is calculated as: 
NDVI = (ρNIR-ρRed)/( ρNIR+ρRed) 
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Functionally NDVI works the same as SR, but as a ratio it reduces many forms of 
multiplicative noise (sun illumination differences, cloud shadows, some atmospheric 
attenuation and some topographic variations) present in multiple bands of multiple date 
imagery (Jensen, 2007).  NDVI has been found to be closely related to biomass, vegetation 
type, Leaf Area Index (LAI) and primary productivity, so represents and indirect method for 
measuring fuel load (Chen et al, 2011).  Results for the effectiveness of greenness indices 
however vary across study sites.  Coops et al (1997) found that a strong correlation existed 
between LAI and NDVI, with weaker relationships observed between LAI and SR, as NDVI 
is more sensitive to areas with lower LAI values.  Staben and Evans (2008) found that SR 
was a highly effective index for discriminating betw en canopy covers of different vegetation 
communities in northern Australia.  In contrast to Staben and Evans (2008), Li et al (2012) 
found that NDVI was the most useful for discriminatg between different vegetation class 
types in a river forest in China.  NDVI has also been used for mapping disturbance events.  
For example, Diaz-Delgado et al (2003) found NDVI values declined after fire events, and 
that these values were positively correlated with severity classes.  Studies in Australia have 
also found that NDVIdiff (i.e. the difference between NDVI values before and fter the fire) is 
very effective at mapping changes in vegetation cover after disturbance from fire (e.g. Chafer 
et al, 2004; Lentile et al, 2006; Jacobson, 2010; Chen et al, 2011).  
As common as NDVI is however, it has its limitations.  For example, in highly dense 
vegetated regions NDVI performance can be hindered by saturation effects (Gitelson et al, 
1996).  To overcome this issue, a modified version of NDVI was the Green Normalized 
Difference Vegetation Index (GNDVI) (Gitelson et al, 1996), which is calculated as:  
GNDVI = (ρNIR-ρGreen)/( ρNIR+ρGreen) 
GNDVI is similar to NDVI, but uses green wavelengths instead of red wavelengths to 
increase sensitivity to the presence of chlorophyll (Gitelson et al, 1996).  It was found to be 
highly accurate in measuring photosynthetic rate and stress in vegetation (Gitelson et al, 
1996).  GNDVI has been found to perform well in studies located in highly vegetated regions 
(Carrieras et al, 2006).  In sparsely vegetated regions however, GNDVI has been found to not 
have a strong relationship with canopy cover (Barati et al, 2011).  
The ability of greenness indices for measuring vegetation is limited in regions with sparse 
vegetation, due to any surrounding soils and sand that may have a greater reflectance than the 
vegetation (Barati et al, 2011).  Surrounding soils reflect visible wavelengths and, until soils 
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are fully covered by vegetation they will continue to influence traditional vegetation indices 
which commonly utilize the red wavelengths (Jackson & Huete, 1991).  To minimize the 
confounding effects of soils in the background, soil adjusted vegetation indices have been 
developed (Carreiras et al, 2006).  The first of these indices to be developed was the Soil 
Adjusted Vegetation Index (SAVI) (Huete, 1988).  SAVI is calculated as: 
SAVI = [(ρNIR-ρRed)/(ρNIR+ρRed+L)]*(1+L) 
where L is a factor (ranging from 0 to 1) incorporated to minimize soil influence (Huete 
1988; Kasawani et al, 2010).  SAVI has been found to work much more effectively in 
sparsely vegetated regions, such as Mangrove swamps (Kasawani et al, 2010) and deserts 
(Barati et al, 2011) than NDVI.  As Australian vegetation can be characterised by fairly open 
canopies, the current study tested soil adjusted indices in case any visible soil could influence 
the signal.   
Another index taking the effects of soil into consideration is the Soil Adjusted Total 
Vegetation Index (SATVI) (Marsett et al, 2006).  SATVI is calculated as: 
SATVI = [(ρSWIR(1.55µm)-ρRed)/( ρSWIR(1.55µm)+ρRed+L)]*(1+L) – ( ρSWIR(2.08µm/2). 
SATVI works in a similar fashion to SAVI, but by incorporating short-wave infrared (SWIR) 
wavelengths instead of the NIR wavelengths in the ratio, the index was found to be sensitive 
to both green and senescent vegetation (Marsett et al, 2006).  What Marsett et al (2006) found 
was that, when the spectral signal of healthy vegetation was compared to that of senescent 
vegetation, NIR wavelengths showed the greatest difference in reflectance, but SWIR 
wavelengths showed the least change in reflectance (slightly higher reflectance for senescent 
vegetation).  Therefore SWIR wavelengths could potentially be used for measuring both live 
and dead fuel.  This index has yet to be tested however in regions other than rangelands.  As 
Australian Eucalypt forests do contain a certain amount of dead or senescent understorey 
vegetation, it was tested in the current study to determine if it could be effective for 
measuring both live and dead fuel.   
Indices have also been created to measure moisture levels in vegetation.  It has been found 
that NIR wavelengths (Gao, 1996) and SWIR wavelengths (Datt, 1999) are sensitive to water 
content in stacked leaves.  These indices incorporate NIR (0.950-970µm) and SWIR (1.150-
1.260µm and 1.520 – 1.540µm) wavelengths.  SWIR wavelengths are weakly absorbed and 
thus penetrate more deeply into canopies which, in theory, suggests these wavelengths should 
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be able to measure a larger proportion of the totalwater in canopies (Sims & Gamon, 2003).  
Moisture-sensitive indices can therefore have an advantage over greenness indices, in that 
they can penetrate down to 8 leaf layers, whereas NDVI signals become saturated for regions 
with 3 or more leaf layers, due to the visible bands becoming absorbed (Gao, 1996).  
Carreiras et al (2006) also found that the indices incorporating SWIR bands were less 
affected by atmospheric effects, in comparison to other indices that use visible wavelengths.  
Moisture-sensitive indices have also shown to be less affected by seasonal variation.  For 
example, De Beurs and Townsend (2008) found that defoliation in deciduous hardwood 
forests was more readily detected by MODIS NDII than the traditional vegetation indices 
Enhanced Vegetation Index (EVI), and NDVI.  NDII was found to show more consistent 
results and consequently be better for mapping forest changes, whereas NDVI varied based 
upon the timing and season of the image (De Beurs & Townsend, 2008).   
One main type of moisture-sensitive index is the Normalized Difference Infrared Index 
(NDII) (Hunt & Rock, 1989).  NDII is calculated as: 
NDII = (ρNIR-ρSWIR(1.55µm or 2.08µm)/( ρNIR+ρSWIR(1.55µm or 2.08µm)) 
This index provides an alternative to the Normalized Difference Water Index (NDWI) (Gao, 
1996) which was developed for MODIS and hyperspectral sensors that have two or more NIR 
bands.  Because NDII makes use of both NIR and SWIR it has the flexibility of being able to 
be used by a greater range of sensors.  As Landsat 5 TM has two bands in the SWIR region, 
NDII can be calculated using TM band 5 or 7.  NDII calculated with TM band 5 has also 
been referred to as the Normalized Difference Moisture Index (NDMI) in previous studies 
(e.g. Wilson & Sader, 2002; Noone et al, 2012) and lso as VI5 in Carreiras et al (2006).  
NDII calculated with TM band 7 uses the same Landsat TM bands as the Normalized Burn 
Ratio (NBR) Index for Landsat TM (Miller & Yool, 2002; Lentile et al, 2006; Escuin et al, 
2008) where it was found to be more sensitive for mapping burn scars. Carreiras et al (2006) 
referred to NDII with TM band 7 as VI7. 
Previous research has found that the effectiveness of spectral indices can vary between 
different locations, levels of vegetation cover and the types of sensors used.  Even within 
similar environmental regions, researchers have obtained different results using the same 
indices due to other local factors.  A few studies around the world have run studies to 
compare the effectiveness of a range of indices in their ability to measure fuel properties, 
most commonly canopy cover.  For example, Carreiras et al (2006) found that when testing 
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the ability of a range of indices and band combinations to measure canopy cover in evergreen 
oak woodlands, a multiple regression of TM bands 3, 4, 5 and 7 and NDVI out-performed 
other indices (SAVI, MSAVI, GNDVI, VI5 and VI7).  Barati et al (2011) tested 20 spectral 
indices in sparsely vegetated regions and found that SAVI performed slightly better than 
NDVI, but none of the indices tested alone performed b tter in comparison to the other.  
Better predictions were provided when a multiple of indices were combined together (Barati 
et al, 2011).  Kasawani et al (2010) tested a range of soil adjusted indices and found them to 
consistently provide accurate results when testing them across a range of mangrove 
landscapes, where the vegetation was sparse and soils are highly prominent.  In contrast 
however, Yang et al (2012) tested indices in sparsely vegetated regions and found that NDVI 
still out-performed SAVI, even though the theory suggests that SAVI should perform well in 
these regions.  As results have varied between sites, it is important to test a range of spectral 
indices potential in measuring fuel in Australian forests. 
In Australian forests the range of indices that have been tested in their ability to measure 
vegetation properties and fuel is limited.  Most studies have relied upon the use of NDVI.  
For example, Chafer et al (2004) used NDVI to predict fuel loads.  Most studies measuring 
changes in vegetation have also relied mainly on moisture-sensitive indices, such as NDMI or 
NBR.  Boer et al (2008) conducted a study to measure tands in the northern Jarrah forest in 
Western Australia and found that NBR was the most effective at mapping vegetation change, 
whereas SR and NDVI were more likely to suffer from saturation and seasonal effects.  
Jacobson (2010) used NDVI and NDMI to map changes in plant regrowth during the first 
year after a fire and found that, overall, they both performed similarly across seasons.  NDMI 
was found to perform better after a fire, but the gr atest variation between the two indices 
depended upon the combination of forest layers used, with NDMI showing greater potential 
to measure live fuel than NDVI, when under-storey layers were incorporated into the models 
(Jacobson, 2010).  Though commonly used, the use of NDVI for measuring vegetation in 
Australia can be problematic, as the country often experiences fires and NDVI has been 
found to be less effective in detecting post-fire recovery vegetation, as seasonal variation 
affects the values (Buma, 2011).  One study conducte  by Caccamo et al (2011) tested a 
range of MODIS indices (4 greenness; 4 moisture) in their ability to measure moisture in 
vegetation, finding that indices that incorporated he SWIR bands performed the best.  More 
research however needs to be conducted to test the effectiveness of a greater range of indices 
in their ability to specifically predict fuel loads in Australian forests. 
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2.5 Underlying effects on the remotely sensed signal  
Previous research has found that the understorey vegetation can contribute to the spectral 
signal.  Spectral indices a limited in that they do n t show any indication of forest 3 
dimensional structure.  When radiation reflects off the earth’s surface, passive remote sensors 
interpret it as a 2 dimensional image.  As a result, Pisek et al (2010) highlights the importance 
of adding the understorey and canopy layers together w n explaining what is contributing to 
the reflectance signal. 
Interference from the understorey can be problematic if researchers are aiming to only 
measure the canopy layer.  Many studies conducted in forests with sparse woody vegetation 
and little upper canopy cover have found an over-estimation of canopy cover, where the 
understorey is visible and measured by the sensor (Franklin et al, 1991; Law & Waring, 
1994; Staben & Evans, 2008; Smith et al, 2009; Boggs, 2010).  Smith et al (2009) suggested 
that NIR wavelengths should be avoided in open canopy f rests if the aim is to only measure 
the upper canopy layer, as these wavelengths are sensitiv  to any vegetation visible to the 
sensor.  The influence of the understorey has found to be a particular problem in deciduous 
forests, where spring greenness begins in the understor y before canopy layers have begun to 
grow (Resasco et al, 2007; Doktor et al, 2009).  Some researchers (e.g. Franklin et al, 1991; 
Lu et al, 2003) were able to overcome this issue by finding that NDVI and all TM bands 
corresponded strongly with canopy cover during seasons where there was the greatest 
contrast between canopy and the understorey (i.e. understorey layer had senesced) and is 
therefore important to measure canopy cover in seasons appropriate to the study site 
(Carreiras et al, 2006; Lu et al, 2003).  In Australian forests however, contribution of the 
understorey to the spectral signal is likely to occur all-year round, as dry sclerophyll forests 
are evergreen (Coops et al, 1997).   
Knowing that the understorey cover layers can influence the spectral signal to a point, some 
studies have focused their research on investigatin to what depths of forested regions 
passive remote sensors can actually measure.  Indices are dependent on the visibility of 
leaves in image pixels (Somers et al, 2010), and a lot of the time, a proportion of the 
understorey layer is covered out of the sensor’s reach by the canopy layer.  The ability of 
passive remotes sensors to be able to measure past the canopy layer is important for studies 
aiming to measure multiple layers.  Surface fuels are often obscured from the sensor by the 
canopy layer (Riano et al, 2003; Rollins et al, 2004; Krasnow et al, 2009).  Studies have 
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found that understorey cover can be best measured by NIR wavelengths in regions where 
stands have the smallest canopy cover (Rautiainen et al, 2007).  In past research, studies have 
overcome the problem of canopy saturation by incorporating multiple sensors.  For example, 
Law and Waring (1994) used on-ground sensors such as spectrometers.  Kuusk et al (2004) 
developed a 2-layer model for understorey (ground) vegetation using on-ground remote 
sensing techniques.  These methods however are more time-consuming and less practical, 
than if one satellite sensor could be used to measur  m ltiple layers.   
As Australian forests contain multiple layers of fuel, this study was interested in testing how 
many forest layers could influence the spectral signal of Landsat 5 TM data.  Previous studies 
conducted by Viedma et al (1997) found that when comparing the recovery of different forest 
types, the tree+shrub regions showed greater NDVI values than regions with just shrubs, 
suggesting the contribution to the spectral signal is  cumulative factor.  A more recent study 
conducted by Jacobson (2010) considered multi-layer eff cts on spectral signal and found 
that the relationship between NDVI or NDMI and vegetation cover increased when the 
under-storey layers were added to the canopy layer.  Jacobson’s (2010) study however, like 
Viedma et al (1997) was conducted soon after a fire event (within the first year of recovery).  
More research needs to be conducted to assess the ability of sensors to measure multiple 
layers of fuel in Australian forests after longer time periods of recovery and fuel 
accumulation in the layers.   
Another underlying factor that needs to be considere  is the contribution of dead fuel to the 
spectral signal.  Spectral indices make use of wavelengths which primarily reflect 
characteristics of live vegetation, whereas the aim of this study is to measure fuel, which is 
composed of both live (e.g. canopy foliage) and dead (e.g. litter) material.  Studies have 
found that relationships between spectral indices and vegetation cover weakened when dead 
vegetation was considered (Tucker, 1979).  This is because as leaves die off their cell 
structure changes and the reflection patterns of NIR wavelengths off leaves are modified 
(Doktor et al, 2009).  While Marsett et al (2006) has tried to account for senescent vegetation 
by incorporating SWIR bands into indices, this method has not undergone enough studies 
outside of rangelands to prove to be robust.  As Autralian forests contain a significant 
amount of dead fuel in the layers, a spectral index that can measure both live and dead 
vegetation would be highly beneficial.  Research needs to be conducted to determine to what 
extent dead fuel contributes to the vegetation signal, to see if remote sensing can accurately 
measure fuel cover in Australian forests that contain dead fuel.  
17 
 
Another limitation to using passive remote sensing for measuring understorey layers is that 
greenness indices can be highly affected by seasonal vari tion (Smith et al, 2009).  As was 
mentioned earlier, in many forests the understorey can be deciduous with an evergreen over-
storey, or both can be deciduous with different growth rates, which would cause an issue with 
wanting to study the cumulative effects of forest layers on spectral signal (Ahl et al, 2006; 
Doktor et al, 2009).  Australian forests are evergren so have the advantage of being live all 
year round.  However, the greenness still displays phenological variation in the canopy based 
upon the season, and the understorey grass growth can be highly variable, with most 
perennials growing in relation to rainfall, regardless of season (Williams, 1970).   
When testing the ability of passive remote sensing for measuring live and dead fuel properties 
in Australian forests, it is therefore important to take into consideration the effects of the 
understorey, understand the limitations of indices when measuring mixes of live and dead 




Chapter 3: Site Description 
 
3.1 Introduction 
The current study was set in the Sydney Basin Bioreg n.  The following chapter provides a 
brief description of landscapes observed in the region, local climatic conditions, and how the 
interaction of these two factors have lead to the growth of the diversely vegetated forests.  
The current study focused upon vegetation data colle ted in Sydney Coastal Dry Sclerophyll 
(SCDS) Forest, so a description of this forest type will be given, as well as an explanation for 
how it has evolved to survive and depend upon fire. 
 
3.2 Site Description 
The study region was located on the central East coast f Australia in the Sydney Basin 
Bioregion, New South Wales.  The bioregion extends from just north of Batemans Bay to 
Nelson Bay on the Central Coast and almost as far west as Mudgee. It covers an area of 
3,624,008 hectares and occupies about 4.53 percent of New South Wales.  It encompasses the 
city of Sydney and the towns of Wollongong, Nowra, Newcastle, Cessnock, Muswellbrook 
and the Blue Mountains towns such as Katoomba and Mt Victoria (Figure 4).  
Geologically the Sydney Basin consists of a basin filled with near horizontal sandstones and 
shales of Permian to Triassic age that overlie older basement rocks of the Lachlan Fold Belt.  
The sedimentary rocks have been subject to uplift with gentle folding and minor faulting 
during the formation of the Great Dividing Range (NSW Government Environment and 
Heritage, 2011). 
These past geological processes have all lead to creating the vast variety of landscapes 
observed in this region.  Much of the Basin landscape is elevated sandstone plateau, with the 
exceptions being the Hunter Valley and the low-lying Cumberland Plain The coast is 
characterised by an escarpment that has formed on the eastern side of the inland plateaux 
(Taylor, 1970).  Along the coast there can be observed cliffs, beaches and estuaries, confined 




Figure 4: Sydney Basin Bioregion, New South Wales. Source: NSW Government 
Environment and Heritage (2011). 
 
The Sydney Basin covers a large part of the catchments of the Hawkesbury-Nepean, Hunter 
and Shoalhaven river systems.  West of the escarpment, rivers have eroded the inland plateau 
blocks to form deep sandstone gorges (NSW Government Environment & Heritage, 2011).   
The Sydney Basin Bioregion predominantly experiences temperate climate characterized by 
warm summers with no dry season. A sub-humid climate occurs across significant areas in 
the northeast of the bioregion.  A small area in the west of the bioregion around the Blue 
Mountains falls in a montane climate zone, where snow occasionally falls (NSW Government 
Environment & Heritage, 2011).  Rain can occur throughout the year, but varies across the 
bioregion in relation to altitude and distance from the coast, with wetter regions being close 
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to the coast or in higher altitudes.  An east-west rainfall gradient is evident across the remnant 
plateaus and follows down the cliffs of the inland gorges.  Higher temperatures are 
experienced along the coast and in the Hunter valley and areas of lower temperature are 
experienced in the higher plateaux and western edge (NSW Government Environment & 
Heritage, 2011). 
As a result of the variable topography interacting with current climatic conditions, the 
bioregion is characterised by highly diverse forests.  The most common forest types in this 
region are the dry sclerophyll forests.   
 
3.3 Dry Sclerophyll Vegetation 
Dry Sclerophyll (DS) forests are characterised by an incredibly diverse range of vegetation 
(Keith, 2004).  The upper canopies of most DS forests are dominated by eucalypts (Keith, 
2004).  DS forests are often characterised by a prominent under-storey structure of shrubs 
(characterised by many quintessential Australian wildflowers, such as waratahs, banksias and 
wattles) or grasses.  The sparse ground covers of these forests are comprised mainly of 
sclerophyllous sedges (Keith, 2004).   
Since the start of the Australian continent drying 15-20 million years ago, Sclerophyllous 
species have evolved to overcome a number of harsh f ctors in their environment, such as 
dryness, infertile soil and fire events (Keith, 2004).   
Australia is a landscape that experiences regular fire events and the native vegetation have 
evolved a range of strategies, or recovery mechanisms, for surviving and reproducing after 
fire (Keith, 2004).  Many species are able to resprout after a fire from protected living tissues 
that are either contained in organs beneath the soil (e.g. lignotubers) or within the trunk and 
branches under thick insulating barks (e.g. epicormic strands) (Keith, 2004; Keith et al, 2007; 
Vivian et al, 2008; Lamont, 2011).  Other species have adopted an obligate seeder 
mechanism, where the original tree is often burnt but seeds are stored or protected in such a 
way that they are not destroyed by the fire (Keith t al, 2007; Vivian et al, 2008).   
 
Just as fire plays a role in the biodiversity structure of native forests, the forest properties in 
turn have an influence on the nature of fires.  Due to recovery mechanisms a number of 
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native species rely upon fire events to promote seed germination, production and sprouting 
(Lentile, 2006; Vivian et al, 2008).  Some species store seeds in protective woody fruits that 
are stimulated to open from the heat of fire (serotiny), while other plants when scorched are 
stimulated to grow rapidly and flower profusely (Keith, 2004).  Because of this dependence 
upon fire, the vegetation has evolved to be flammable.  Eucalypt litter is coarse and decays 
slowly so it builds up for a fire event.  Many species have flammable and loosely attached 
bark and the green leaves contain highly flammable oils and resins that act as a catalyst to 
promote combustion before the leaves are fully dry (CSIRO, 2011).  As such, the local 
vegetation plays a role in the spread of bushfires. 
Fire severity and intensity also varies based upon the diversity of the vegetation, depending 
upon the vegetation’s topographic location and its access to water (Hammill & Bradstock, 
2006).  Trees need enough access to moisture to produce burnable vegetation, but not so 
much that it cannot dry out enough to fully burn (Bradstock, 2010).  Less severe fires will 
remain confined to the understorey vegetation, which contains dead fuel, but conditions 
where fires can become more severe, such as if the veg tation located on a high ridge and 
exposed to wind, the fire can reach the canopy layer (Bradstock, 2010). 
3.3.1 Sydney Coastal Dry Sclerophyll Forest 
The current study focused upon Sydney Coastal Dry Sclerophyll (SCDS) forests, which are 
unique to the Sydney Basin region.  This type of forest is the most diverse and extensive of 
the DS forests in Australia, containing over 100 different kinds of native species, covering 
1.4 million (Keith, 2004).  It can be found in the coastal reserves between Port Stephens and 
Sussex Inlet, including Brisbane Water, Ku-ring-gai Chase and Royal national parks, and also 
in the lower Blue Mountains and eastern parts of Morton Plateau.  SC DS Forests grow below 
700 metres elevation and have an average rainfall of 1000 to 1300+ millimetres.  Like other 
DS forests, its species composition varies with topography and moisture (Keith, 2004).  Many 
species have developed specialized characteristics to uit their habitat, such as rock 
overhangs, seepage zones and ‘ironstone’ soils have very distinct and endemic plant 
communities.  Eucalypt growth is highly driven by access to moisture, with canopies of 10 
metres or less observed on exposed ridges or plateaus where drainage is poor, but may exceed 




Chapter 4: Methods 
 
4.1 Introduction 
The purpose of the current study was to assess the capability of Landsat images for 
measuring canopy cover.  Relationships between Ground Truth (GT) Data and spectral 
indices derived from the Landsat images were explored. The GT Data was obtained from a 
fuel database collected and comprised together in a prior study by Watson et al (2012).  
Spectral data was obtained using a range of Landsat 5 TM images.  Data was analysed based 
upon the following steps:  
1. Images underwent pre-processing to correct for atmospheric and topographic effects;  
2. Seven spectral indices were calculated for each image and values were then extracted 
from these in locations that corresponded to the locati ns of the GT data.   
3. The relationships between spectral data and the GT data were then analysed using 
standard least squares regressions and tested for significance using one-way ANOVA 
tests to obtain an F value.     
 
4.2 Ground Truth Data  
Ground-truth data was selected from a Fuel Hazard dtabase complied from data collected in 
a previous study by Watson et al (2012).  The purpose f the study by Watson et al (2012) 
was to measure the accumulation of fuel loads across a variety of Australian forests in 
relation to TSF.  A large number of vegetation variables and fuel measurements were 
collected for the database from the canopy, elevated, n ar-surface and surface forest layers 
(e.g. percentage cover, fuel hazard scores, fuel height).  Based upon previous research that 
has found that most fuel originates from the canopy (Brandis & Jacobson, 2003) the current 
study conducted tests on the variable “canopy cover”.  As was noted in Chapter 2, canopy 
cover has been found in a number of studies to be strongly related to the spectral signal of 
passive remote sensors (e.g. Franklin et al, 2001; Carreiras et al, 2006; Staben & Evans, 
2008; Smith et al, 2009). “Elevated cover” and “near-surface cover” were also incorporated 
into the analysis, as those layers also contribute to fuel load and contain fuel which has fallen 
from the canopy (Gould et al, 2011).  To account for differences between vegetation types, all 
points studied were chosen from the SCDS Forest, as different vegetation types can have 
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different effects on the spectral signal (Hammill & Bradstock, 2006).  This left a data set of 
31 points collected between 20 July 2009 and 9 April 2010 (see Appendix A for site 
information and raw data values).  Data points were located on the NSW south-eastern 
coastal region between 33°18’29” (encompassing the region from Popran National Park to 
Northern Sydney) and 34°13’24” (Royal National Park region) (Figure 5). 
 
 
Figure 5: Field collection sites for GT data points (red dots) surrounding the Sydney region.  
Major national parks are labelled. 
 
4.3 Remote sensing data 
Landsat 5 TM images were downloaded from the USGS Earth Explorer (USGS, 2012) 
website free of charge.  All images were delivered as Level 1T products (already geo-
registered and had some terrain correction) (Table 2).  
Royal National Park 





Table 2: List of Landsat 5 TM images used in the current study 
Date Path Row 
5 Jul 2009 89 84 
21 Jul 2009 89 83 
28 Jul 2009 90 84 
22 Aug 2009 89 83 
23 Sep 2009 89 83 
23 Sep 2009 89 84 
10 Nov 2009 89 83 
10 Nov 2009 89 84 
12 Dec 2009 89 83 
12 Dec 2009 89 84 
18 Mar 2010 89 83 
18 Mar 2010 89 84 
10 Sep 2010 89 83 
10 Sep 2010 89 84 
 
4.3.1 Pre-processing 
All of the Landsat 5 TM images were atmospherically corrected using the FLAASH (Fast 
Line-of-sight Atmospheric Analysis of Spectral Hypercubes) tool in ENVI 4.8 (Exelis Visual 
Information Solutions, 2010), which uses a MODTRAN-4 atmospheric correction algorithm 
(Guanter et al, 2009).  FLAASH atmospherically corrects images by selecting dark surface 
pixels in the image based upon the at-sensor radiances at channels near 660nm and 2100nm.  
It has been found affective to use on multi-temporal data to remove non-uniform atmospheric 
effects (Moses et al, 2012).  It was chosen to use in this study because FLAASH removes 
Raleigh scattering and amplifies NIR reflectance, so is suitable for measuring vegetation 
properties (Moses et al, 2012).   
Firstly images needed to undergo a “radiance calibration” so they were in the appropriate 
format for FLAASH.  They then had to be converted to BIL (or BIP) as FLAASH does not 
recognise BSQ files (Figure 6). 




Figure 6: Schematic diagram showing steps involved in the atmospheric correction.  The red 
box shows the original input image and the green box shows the final output image. 
 
Table 3: Summary of input parameters for FLAASH. 
Parameter Input value 
Scale Factor 10 
Latitude & Longitude Unique to each image 
Flight Date & Time Unique to each image 




Atmospheric Model Mid-Latitude Summer 
Aerosol Model Tropospheric 
Aerosol Retrieval  2 Band (K-T), limits bands 3-7 
Initial Visibility 20-40km. FLAASH automatically changed this 
value 
 
A scale factor of 10 was entered so that the pixels would be scaled from the unit 
[W/(m2*sr*µm)] to the appropriate unit of [µW/(cm2*sr*nm)]. 
The parameters Latitude & Longitude, and Flight Date & Time were stored in each image’s 
own Metadata File.  The altitude information for Landsat 5 TM was stored in FLAASH.  The 
average ground elevation was calculated from a 30m resolution SRTM derived Digital 
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Elevation Model (DEM) (Geoscience Australia, 2011) covering the extent of the study site.  
Information for the Atmospheric Model was available from the Atmospheric Correction 
Module version 4.7 (Exelis Visual Information Solutions, 2009).  “Mid-Latitude Summer” 
was chosen based upon the latitudinal information and season that the image was taken in. 
“Tropospheric” was chosen, as the images were acquired over calm and clear land and points 
were not located in high density urban/ industrial regions.  “Rural” and “urban” models were 
also tested but values did not significantly change between the different models.  Aerosol 
retrieval was used to subtract any potential shadow pixels and the band limit chosen was band 
3 to 7 (these covered the required wavelength range for this tool).  A visibility of 40km was 
selected, as most images used were chosen with little cloud cover.  During the process 
however FLAASH did sometimes automatically change this value. 
All images were also topographically corrected.  Preliminary analysis tested two topographic 
correction methods: the Cosine Correction (Teillet et al, 1982, cited by Riaño et al, 2003; 
Jensen, 2007) and the C-Correction (Teillet et al, 1982, cited by Riaño et al, 2003; Jensen, 
2007).  The Cosine Correction assumes the surface displays Lambertian behaviours and was 
tested because it is the most simple and widely used correction method (Riaño et al, 2003; 
Vicente-Serrano et al, 2008).  For the cosine correction, the following equation was applied 
to each pixel in the image:  
LH = LT (cos z / cos i ) 
Where LH is the radiance for a horizontal surface, LT is the radiance observed over the 
inclined terrain, z is the solar zenith angle and i is the incidence angle with respect to the 
surface normal.  z was obtained by working out the difference between 90 degrees and the 
angle of elevation (stored in the each image’s Metadata file).  For the purpose of this 
correction it was converted to radians. i was obtained by creating a shaded relief image from 
the DEM.  This was done for each individual image.  Some of the images required image-to-
mage registration with the shaded relief image. 
Preliminary testing found that the Cosine Correction “over-corrected” the images (shaded 
regions appeared overly illuminated and sections originally illuminated by the incoming 
radiation were dulled).  Statistically it also did not perform well, reducing the mean and 
increasing the standard deviations for each band.  As a result the C Correction was then used.  
The C Correction method assumes non-Lambertian behaviour of the radiation, has been 
widely used and in general has been found to be the most accurate topographic correction 
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method (Vicente-Serrano et al, 2008; Riaño et al, 2003).  The following equation was applied 
to each pixel for the C Correction method: 
LH = LT [(cos z + ck)/(cos i + ck)] 
Where ck adds the c co-efficient to the equation, where: ck = bk/mk. The parameters bk and mk 
are obtained from the regression equation LT = bk + mki, as it is assumed that a linear 
relationship exists between the observed radiance ad the incidence angle for images not yet 
corrected.  The topographic correction steps are summarised in the following schematic 
(Figure 7). 
 
Figure 7: Schematic summarizing the processes performed for the Cosine Correction.  This 
process was performed on each individual Landsat imge.  Red boxes show the original input 
images and green boxes show the final outputs.  
 
In comparison to the Cosine Correction method, the C Correction method performed better 
statistically (showed greater mean values and lower standard deviations for bands) it was 
visible in the images that shaded regions had reduced.  In comparison to values not 
topographically corrected however the C Correction did not make a great difference.  This 
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could be due to the fact that points were not sampled in regions of particularly complex 
topography.   
After applying the atmospheric and topographic corrections, each of the bands for each image 
were imported into ArcGIS ArcMap (ESRI, 2009) as separate TIFF images so that spectral 
indices (Table 4) could be calculated (Figure 8) (see Appendix B for example images for 
each of the indices). 
Table 4: Formulas for spectral indices calculated, with TM2, TM3, TM4, TM5 and TM7 
representing Landsat 5 TM bands 2, 3, 4, 5, and 7 respectively.  The L Factor in SAVI and 
SATVI = 0.5 where soil conditions are unknown. 
Spectral Index Formula  









Figure 8: Schematic diagram of band data layers used to calculate indices in ArcMap.  These 
processes were repeated for all images used. Note: Bands 1 (Blue) and 6 (Thermal IR) were 
not used to calculate any of the indices. 
 
Finally spectral indices values were extracted from pixels in close spatial proximity to field 
plots (Figure 9). 
Figure 9: Schematic diagram of layers and tools used to extract pixel values from Spectral 
Indices.  The values were extracted from the SI data sets to the attribute tables for the 
shapefiles.  These processes were repeated for each of the Landsat images used. 
 
4.4 Analysis approaches 
The spectral indices values were regressed on fuel cover ground truth
sets of spectral indices values were prepared for the regression analysis using the following 
two approaches: 
Approach 1:  
Spectral indices values for GT data were
close temporal proximity to field visits were used
 
29 
 data.  Two different 
 xtracted from Landsat 5 TM images acquired in 





Table 5: Summary showing which Landsat images the spectral indices values for GT data 
points were extracted from.  




PS005 20-Jul-09 21-Jul-09 
PS009 03-Aug-09 21-Jul-09 
PS010 06-Aug-09 28-Jul-09 
PS015 24-Aug-09 21-Aug-09 
PS019 24-Aug-09 21-Aug-09 
PS020 25-Aug-09 21-Aug-09 
PS021 25-Aug-09 21-Aug-09 
PS023 25-Aug-09 21-Aug-09 
PS024 31-Aug-09 21-Aug-09 
PS025 31-Aug-09 21-Aug-09 
PS026 31-Aug-09 21-Jul-09 
PS028 31-Aug-09 05-Jul-09 
PS029 01-Sep-09 21-Jul-09 
PS031 07-Sep-09 23-Sep-09 
PS033 07-Sep-09 23-Sep-09 
PS037 30-Sep-09 23-Sep-09 
PS038 30-Sep-09 23-Sep-09 
PS045 14-Oct-09 23-Sep-09 
PS046 14-Oct-09 23-Sep-09 
PS050 22-Oct-09 10-Nov-09 
PS051 22-Oct-09 10-Nov-09 
PS056 28-Oct-09 10-Nov-09 
PS057 04-Nov-09 10-Nov-09 
PS078 17-Feb-10 18-Mar-10 
PS079 17-Feb-10 18-Mar-10 
PS080 18-Feb-10 18-Mar-10 
PS081 18-Feb-10 18-Mar-10 
PS082 25-Feb-10 18-Mar-10 
PS083 25-Feb-10 18-Mar-10 
PS099 09-Apr-10 18-Mar-10 
 
This approach minimizes the possibility of disturbance events occurring between the GT 
collection date and the image collection date that m y have changed the vegetation cover 
(Carreiras et al, 2006). 
However, the disadvantage of relating variables which change at a slow rate, such as fuel 
cover in evergreen forests (Specht, 1972), with spectral indices acquired at different times of 
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the year is that the relationships are more influenced by phenology and seasonality patterns 
(Specht, 1972; Pook, 1984).  For instance, changes i  the spectral index value of a given pixel 
can be highly dynamic across the year due to variations in vegetation seasonal properties such 
as greenness (Specht, 1972; Ellis & Hatton, 2008), but its fuel cover value, in the absence of 
disturbance, generally remains the same (Specht, 1972; Pook, 1984; Boer et al, 2008).  
Preliminary tests found that spectral reflectance values for each site were either uniformly 
greater or lower in different seasons for greenness indices SR, NDVI, GNDVI and SAVI (see 
Appendix C).  A second approach was used in this study to try and account for this. 
Approach 2: 
The second set of spectral indices was prepared trying to account for the effect of phenology 
and seasonality on remotely-sensed information (Specht, 1972; Ellis & Hatton, 2008; Smith 
et al, 2009).  The normalization of the spectral indices values was achieved by using remotely 
sensed data acquired at the same time of the year.  This approach allowed for comparison 
across sites at the same phenological state.  Specifically, GT data collected in 2009 (ranging 
from July to November) were extracted from images colle ted on the same date (23 
September 2009) and the data points collected in 2010 (ranging from February to April) were 
extracted from images captured on 10 September 2010.     
Both sets of spectral indices were finally regressed on ground truth samples of fuel cover 
(canopy, elevated and near-surface cover) with the aims to: 
1. Compare spectral indices performance in measuring fuel cover; 
2. Analyse the effect on the relationships between spectral indices and fuel cover after 
adding understorey layers; and 
3. Analysing the contribution of both live and dead fuel in the layers to the spectral 
signal. 
 
4.5 Analysis of remotely sensed and GT fuel cover data 
Relationships between spectral indices values and fuel cover were analysed by calculating R2 
values based upon linear (y = mx + b) or logarithmic (y = mLn(x) + b) relationships.  The 
significance of each relationship was tested by calcul ting the F value of a one-way ANOVA. 
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Relationships between fuel cover layers and litter cover were tested to confirm that the upper 
layers were related to the litter and could therefore be used as surrogates for predicting 
surface fuel (Table 6).  
Table 6: Summary of variables used to determine whether relationships existed between the 
forest layers and the surface fuel cover (percentag leaf litter). If the total for canopy + 
elevated + near-surface cover exceeded 100 percent, th  amount was automatically rounded 
down to 100, as any cover amount over this was assumed to be accounted for by overlap of 
layers. 
Fuel layer, x y 
Canopy Litter 
Elevated  Litter 
Near-Surface Litter 
Elevated + Near-Surface Litter 
Canopy + Elevated Litter 
Canopy + Near-Surface Litter 
Canopy + Elevated + Near-Surface Litter 
 
To test the ability of spectral indices to measure f el cover, R2 values were calculated to show 
relationship strength between spectral indices values and fuel cover layers.  Firstly indices 
were tested to see if they could measure individual layers (i.e. only canopy, only elevated or 
only near-surface cover).  Secondly, indices were tsted to determine if they measured fuel in 
a “cumulative” manner (i.e. canopy + elevated cover, and then canopy + elevated + near-
surface cover) (Table 7), based upon the idea that the contribution of under-storey layers to 
the spectral signal of the upper layer is cumulative (e.g. Lu et al, 2003; Pisek et al, 2010). 
The ability of spectral indices to predict fuel cover was also tested when only considering the 
live fuel components in the Elevated and Near-Surface l yers.  The canopy layer is assumed 
to contain predominantly all live fuel, but the elevated and near-surface layers both contain a 
portion of dead fuel.  Knowing the percentage of dead fuel in each of the elevated and near-
surface layers, this amount was subtracted from those layers so that only the amount of live 




Table 7: Summary of relationships tested between spectral indices and forest layers using a 
standard regression method. 
Spectral index, x Fuel layer, y 
SR, NDVI, GNDVI, SAVI, SATVI, NDIIb5, 
NDIIb7 
Canopy 
SR, NDVI, GNDVI, SAVI, SATVI, NDIIb5, 
NDIIb7 
Elevated 
SR, NDVI, GNDVI, SAVI, SATVI, NDIIb5, 
NDIIb7 
Near-Surface 
SR, NDVI, GNDVI, SAVI, SATVI, NDIIb5, 
NDIIb7 
Canopy + Elevated 
SR, NDVI, GNDVI, SAVI, SATVI, NDIIb5, 
NDIIb7 
Canopy + Elevated + Near-
Surface 
 
Table 8: Summary of relationships tested between spectral indices and forest layers (live 
components only) using a standard regression method. 
Spectral index, x Forest layer, y 
SR, NDVI, GNDVI, SAVI, SATVI, 
NDIIb5, NDIIb7 
Elevated (Live) 
SR, NDVI, GNDVI, SAVI, SATVI, 
NDIIb5, NDIIb7 
Near-Surface (Live) 
SR, NDVI, GNDVI, SAVI, SATVI, 
NDIIb5, NDIIb7 
Canopy + Elevated (Live) 
SR, NDVI, GNDVI, SAVI, SATVI, 
NDIIb5, NDIIb7 
Canopy + Elevated (Live) + Near-




Chapter 5: Results 
 
5.1 Introduction 
The following chapter summarises the results found in the current study.  Firstly the results 
obtained for the relationships between fuel cover layers and litter cover are presented.  
Secondly results obtained from Approach 1 (phenological variation not accounted for) are 
presented.  Thirdly, results obtained from Approach 2 (phenological variation accounted for) 
are presented.  Scatter-plots for all relationships tested can be viewed in Appendix D. 
 
5.2 Relationships between forest fuel cover layers and litter cover 
The strength of relationships were tested between forest fuel cover layers (canopy, elevated 
and near-surface) and litter cover to confirm that upper forest layers are related to litter cover 
and, as a result, can be used as a surrogate to predict surface fuel.  Results found that litter 
cover becomes more strongly related to fuel cover layers as they are progressively added 
(Table 9). 
Table 9: The strength of relationships between forest fuel layers (canopy, elevated, near-
surface, canopy + elevated, and canopy + elevated +n ar-surface) and litter cover. 
y Fuel cover, x Pearson's r
value 
Litter Canopy 0.35 
Litter Elevated 0.32 
Litter Near-Surface 0.5 
Litter Canopy + Elevated 0.66 




5.3 Results for Approach 1 
The first set of spectral indices (obtained from Landsat images captured in close proximity to 
GT data collection dates) were tested in their ability to measure fuel layers (canopy, elevated 
and near-surface) taking into consideration both live and dead fuel components (Table 10 and 
Table 11).    
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Table 10: Relationships between spectral indices and separate forest fuel cover layers 
(canopy, elevated and near-surface).  Results are bas d upon conducting analyses using both 















SR 0 n/a 0.01 p > 0.05 0 n/a 
NDVI 0 n/a 0 n/a 0 n/a 
GNDVI 0 n/a 0 n/a 0 n/a 
SAVI 0 n/a 0.01 p > 0.05 0 n/a 
SATVI 0.02 p > 0.05 0.03 p > 0.05 0 n/a 
NDIIb5 0.04 p > 0.05 0.13 p > 0.05 0 n/a 
NDIIb7 0.04 p > 0.05 0.11 p > 0.05 0 n/a 
 
Spectral indices were found to not be able to measur  individual fuel cover layers, as all 
relationships were found to be non-significant (Table 10). 
Table 11: Relationships between spectral indices and the accumulation of forest fuel cover 
layers (canopy + elevated, and canopy + elevated + near-surface).  Results are based upon 

















SR  0.02 p > 0.05 0 n/a 
NDVI  0.01 p > 0.05 0.01 p > 0.05 
GNDVI  0 n/a 0 n/a 
SAVI  0.01 p > 0.05 0.01 p > 0.05 
SATVI  0 n/a 0 n/a 
NDIIb5  0.32 p < 0.05 0.12 p > 0.05 
NDIIb7  0.29 p < 0.05 0.11 p > 0.05 
 
The moisture-sensitive spectral indices (NDIIb5 and NDIIb7) were found to be able to 
measure fuel loads after the addition of elevated cover to canopy cover.  They could not 
however measure fuel after the addition of near-surface cover.  The other five indices 
remained unable to measure fuel cover when understor y layers were added (Table 11). 
In summary, all spectral indices showed an inability to measure canopy cover on its own 
(non-significant relationships).  After the addition of elevated cover to canopy cover 
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however, indices NDIIb5 and NDIIb7 showed an ability to measure cover, while the other 
five indices remained ineffective.  None of the indices showed an ability to measure fuel 
cover after the addition of near-surface cover (Figure 10).  
 
Figure 10: Change in R2 value as forest layers are progressively added, using multiple 
Landsat images.  The only significant R2 values were obtained for NDIIb5 vs canopy + 
elevated (p < 0.05), and NDIIb7 vs canopy + elevated (p < 0.05). 
 
The second part of Approach 1 summarises results obtained when dead fuel components were 
eliminated and only live fuel was considered.  With the elimination of dead fuel, all spectral 
indices still showed an inability to predict individual fuel cover layers (Table 12). 
Table 12: Relationships between spectral indices and fuel cover layers (elevated and near-
surface).  Results are based upon conducting analyses with the live fuel components only. 
Spectral 
Index 






SR 0.01 p > 0.05 0.03 p > 0.05 
NDVI 0 n/a 0.01 p > 0.05 
GNDVI 0 n/a 0 n/a 
SAVI 0 n/a 0.01 p > 0.05 
SATVI 0.01 p > 0.05 0 n/a 
NDIIb5 0.15 p > 0.05 0.07 p > 0.05 
NDIIb7 0.15 p > 0.05 0.04 p > 0.05 
 
Spectral indices did not show a major improvement in their ability to measure the 


























remained (p < 0.05) for moisture-sensitive indices (NDIIb5 and NDIIb7) vs canopy + 
elevated cover, but these results did not improve with the removal of dead fuel components 
from elevated and near-surface fuel cover layers (Table 13). 
Table 13: Relationships between spectral indices and the accumulation of forest fuel cover 
layers (canopy + elevated, and canopy + elevated + near-surface).  Results are based upon 
conducting analyses with live fuel components only. 










SR 0.01 p > 0.05 0 n/a 
NDVI 0.01 p > 0.05 0 n/a 
GNDVI 0 n/a 0 n/a 
SAVI 0.01 p > 0.05 0 n/a 
SATVI 0 n/a 0 n/a 
NDIIb5 0.3 p < 0.05 0.07 p > 0.05 
NDIIb7 0.31 p < 0.05 0.08 p > 0.05 
 
In summary, when only live fuel was considered the ability of the greenness and soil adjusted 
indices (SR, NDVI, GNDVI, SAVI and SATVI) to measure fuel remained low, even after the 
cumulative addition of elevated and near-surface lay rs to canopy cover (Figure 11).  NDIIb5 
and NDIIb7 showed a significant improvement in their ability to measure fuel after the 
addition of the elevated fuel cover layer, but this relationship declined after the addition of 
the near-surface fuel cover (Figure 11). 
 
Figure 11: Change in R2 value as forest layers are progressively added, only considering live 
fuel components.  The only significant R2 values were obtained for NDIIb7 vs canopy + 


























5.4 Results for Approach 2 
When the second set of spectral indices (extracting spectral values for all GT data points from 
September images only i.e. all GT data points colleted in 2009 were assigned spectral values 
from September 2009 images; all GT data points colle ted in 2010 were assigned spectral 
values from September 2010 images) were tested in their ability to measure fuel layers 
(canopy, elevated and near-surface) taking into consideration both live and dead fuel 
components.  All indices showed the potential to measure canopy cover (all significant 
relationships, p < 0.05), but not for the elevated and near-surface cov r layers (Table 14). 
Table 14: Relationships between spectral indices and forest fuel cover layers (canopy, 
elevated and near-surface).  Results are based upon conducting analyses using both live and 
dead fuel components. 
















SR 0.27 p < 0.05 0 n/a 0.01 p > 0.05 
NDVI 0.22 p < 0.05 0 n/a 0.01 p > 0.05 
GNDVI 0.23 p < 0.05 0 n/a 0.01 p > 0.05 
SAVI 0.22 p < 0.05 0 n/a 0.01 p > 0.05 
SATVI 0.18 p < 0.05 0.02 p > 0.05 0 n/a 
NDIIb5 0.19 p < 0.05 0.04 p > 0.05 0 n/a 
NDIIb7 0.19 p < 0.05 0.03 p > 0.05 0 n/a 
 
All indices showed the potential to measure canopy cover with the addition of the elevated 
cover layer (all significant relationships, p < 0.05).  After the addition of the near-surface 
cover layer however, this potential diminished (non-significant relationships, p > 0.05) (Table 
15). 
In summary, all indices showed the potential to measure canopy cover, with indices 
calculated from visible and NIR wavelengths (SR, NDVI, GNDVI and SAVI) showing 
slightly higher R2 values than indices that incorporate SWIR wavelengths (SATVI, NDIIb5 
and NDIIb7).  However, after the addition of elevated cover, indices incorporating the SWIR 
wavelengths significantly increased in their ability to predict fuel.  In contrast, the indices 
calculated from visible and NIR wavelengths showed a decline in potential or little change in 
their ability to measure fuel.  The potential to measure fuel decreased for all indices after the 
addition of near-surface cover (Figure 12).  
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Table 15: Relationships between spectral indices and the accumulation of forest fuel cover 
layers (canopy + elevated, and canopy + elevated + near-surface).  Results are based upon 

















SR  0.16 p < 0.05 0.05 p > 0.05 
NDVI  0.19 p < 0.05 0.05 p > 0.05 
GNDVI  0.16 p < 0.05 0.04 p > 0.05 
SAVI  0.19 p < 0.05 0.03 p > 0.05 
SATVI  0.29 p < 0.05 0.09 p > 0.05 
NDIIb5  0.36 p < 0.05 0.14 p > 0.05 
NDIIb7  0.32 p < 0.05 0.12 p > 0.05 
 
 
Figure 12: Change in R2 value as fuel layers are progressively added, considering both live 
and dead fuel. 
 
The second part of Approach 2 summarises results obtained when dead fuel components were 
eliminated and only live fuel was considered.  With the elimination of dead fuel, all spectral 
indices still showed an inability to predict fuel cover for the elevated and near-surface cover 




























Table 16: Relationships between spectral indices and fuel cover layers (elevated and near-












SR 0.01 p > 0.05 0.06 p > 0.05 
NDVI 0.04 p > 0.05 0.07 p > 0.05 
GNDVI 0.03 p > 0.05 0.08 p > 0.05 
SAVI 0.04 p > 0.05 0.07 p > 0.05 
SATVI 0.08 p > 0.05 0.05 p > 0.05 
NDIIb5 0.09 p > 0.05 0.14 p > 0.05 
NDIIb7 0.09 p > 0.05 0.1 p > 0.05 
 
Spectral indices all showed a significant improvement in their potential to measure fuel after 
elevated cover was added to canopy cover (Table 17), in contrast to when dead fuel was 
incorporated and only NDIIb5, NDIIb7 and SATVI showed improvements (Table 15). 
Table 17: Relationships between spectral indices and the accumulation of forest fuel cover 
layers (canopy + elevated, and canopy + elevated + near-surface).  Results are based upon 













SR 0.36 p < 0.05 0.08 p > 0.05 
NDVI 0.37 p < 0.05 0.08 p > 0.05 
GNDVI 0.34 p < 0.05 0.07 p > 0.05 
SAVI 0.37 p < 0.05 0.08 p > 0.05 
SATVI 0.44 p < 0.05 0.03 p > 0.05 
NDIIb5 0.46 p < 0.05 0.08 p > 0.05 
NDIIb7 0.46 p < 0.05 0.1 p > 0.05 
 
In summary, when only considering live fuel components, all spectral indices showed a 
significant improvement in their ability to measure fuel cover, with NDIIb5, NDIIb7 and 
SWIR showing the greater improvement.  All spectral indices declined in their ability to 




Figure 13: Change in R2 value as forest layers are progressively added, only considering the 































Chapter 6: Discussion 
 
6.1 Introduction 
The aims of this study were, firstly: to assess theability of Landsat-derived spectral 
information for measuring fuel properties in Australian SCDS forest, secondly; to analyse the 
capability of Landsat-derived spectral indices to retrieve information about fuel properties of 
multiple forest layers, and thirdly; to explore the influence of live and dead fuel components 
on vegetation spectral response.  For each of these aims, the effect of phenological variation 
on the spectral signal was also taken into consideration.  The following chapter discusses the 
implications of the results obtained for each aim.  As spectral indices behaved differently 
depending upon which set of spectral values was used (i.e. from Approach 1 or Approach 2), 
the following chapter will discuss results separately based upon the method they were 
obtained from.  Limitations of the current study will also be discussed with recommendations 
for future research.   
 
6.2 Synthesis of results: Approach 1 
Approach 1 was designed so that Landsat images were accurately portraying the properties of 
the GT data, by extracting spectral information from images taken at the time closest to the 
date of collection of GT data points.  Using this approach, there was a significant difference 
in the behaviour of spectral indices.  Greenness indices (SR, NDVI, GNDVI, SAVI and 
SATVI) all showed no potential for measuring fuel cover, which does not support other 
previous research (e.g. Franklin et al, 1991; Lu et al, 2003; Carreiras et al, 2006; Staben & 
Evans, 2008; Smith et al, 2009; Jacobson, 2010).  With the addition of the two understorey 
layers, elevated and near-surface cover, the relationsh ps between greenness indices and fuel 
cover remained non-significant (p < 0.05) (Figure 10 and Figure 11).  The elimination of 
dead fuel from the elevated and near-surface cover lay s also did not change the results for 
greenness indices using this approach (Figure 11).  In contrast however, moisture indices 
(NDIIb5 and NDIIb7) did show potential for measuring fuel.  When only canopy cover was 
considered moisture indices showed non-significant relationships (p < 0.05).  However, after 
the addition of elevated cover to canopy cover, their potential to measure fuel cover 
significantly increased (Figure 10).  After the elimination of dead fuel in the elevated and 
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near-surface cover layers, the relationship between moisture indices and fuel cover did not 
improve (Figure 11).  The addition of near-surface cover did not change the weak 
relationships between the five greenness indices and fuel cover, and caused relationships 
between moisture indices and fuel cover to weaken (Figure 10 and Figure 11). 
The main implication found from the results of Approach 1 is that, when using data collected 
over multiple seasons (in this study’s case, over 9 months), greenness indices will be affected 
by phenological effects (Chen et al, 2011).  Moisture indices however, do not appear to be 
significantly affected by changes in phenology, supporting previous research conducted by 
Gond et al (1999) and De Beurs & Townsend (2008).  Even though chlorophyll and moisture 
tend to be proportional to each other in many forests (i.e. healthy vegetation has high levels 
of both, unhealthy has low levels of both) chlorophyll content is not always proportional to 
moisture content (Ceccato et al, 2001).  For example, Gond et al (1999) found that greenness 
in eucalypt leaves changed seasonally, whereas moisture content had less variation across 
seasons.  These findings suggest that in forest-types with variable phenology, moisture 
indices could prove to be of more practical use, as they may not need to undergo 
normalization processes in order to accurately measur  fuel cover, which could save time and 
reduce error.  When using greenness indices in this particular forest type it is highly 
important to apply a phenological normalization factor to the spectral values in order to 
obtain accurate results.   
 
6.3 Synthesis of results: Approach 2 
Approach 2 was designed in an attempt to account for phenological variation.  When spectral 
values for GT data points were extracted from images acquired in the same season (i.e. GT 
data points collected in 2009 had spectral values extracted from September 2009; GT data 
points collected in 2010 had spectral values extracted from September 2010), a greater 
number of relationships between spectral indices and cover variables began to be observed.  
Results found that all spectral indices showed potential for measuring canopy cover, with the 
indices calculated from visible and NIR wavelengths (SR, NDVI, GNDVI and SAVI) 
showing slightly stronger relationships with canopy cover than the other three indices that 
incorporated SWIR wavelengths (SATVI, NDIIb5 and NDIIb7).  After the addition of 
elevated cover however, a clear split in strength of relationships could be seen between the 
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indices calculated from visible and NIR wavelengths, and indices that incorporate SWIR 
wavelengths (NDIIb5, NDIIb7 and SATVI) (Figure 12).  In this case results appeared to 
imply that after the addition of elevated cover, the visible and NIR indices suffered from 
saturation, whereas the SWIR indices did not.  These findings also support Jacobson (2010) 
who found that, after the addition of understorey cover layers of fuel to the canopy, NDMI 
(similar index to NDIIb5) performed better than NDVI at measuring the fuel cover. 
The performance of indices however once again changed when dead fuel was eliminated 
from elevated and near-surface cover layers.  When only live fuel was considered, the four 
visible and NIR indices also showed a strengthening in potential to measure fuel cover like 
the SWIR indices did, but SWIR indices still remained stronger (Figure 13).  These findings 
show that indices calculated from visible and NIR wavelengths are highly dependent upon 
measuring live fuel properties and that dead fuel does not contribute to the signal for these 
wavelengths (Law & Waring, 1994; Li et al, 2012).  These findings support previous research 
that has found that dead vegetation negatively affects the performance of greenness indices 
(Tucker, 1979; Marsett et al, 2006; Doktor et al, 2009).  Results also imply that SWIR indices 
are better at measuring understorey layers, due to the ability of SWIR waves to penetrate 
further into the canopy, whereas visible wavelengths are absorbed by the top layer of the 
canopy (Gao, 1996; Sims & Gamon, 2003) limiting the m asuring ability of indices 
calculated from these wavelengths in multiple-layered forests.  Results also suggested that 
SWIR indices are less affected by the presence of dead fuel.  In previous studies it has been 
found that the greatest change in spectral signal between live and senescent/damaged 
vegetation is observed in the NIR wavelengths (NIR reflectance greatly decreases for 
unhealthy vegetation), whereas SWIR wavelengths showed less of a change in signal (the 
reflectance of SWIR does increase for unhealthy vegetation, but always to a great extent) 
(Marsett et al, 2006) and damaged vegetation (Olsson et al, 2012).  For example, the basis 
behind Marsett et al (2006) developing SATVI was that, in rangelands, the reflectance of 
SWIR wavelengths did not greatly change between healthy nd dying grasses (unlike NIR 
reflectance), so an index could be developed using these wavelengths to measure both live 
and dead vegetation. 
The main implication from Approach 2 is that, in SCDS Forests, when phenological effects 
are accounted for, all indices have the potential to be able to measure fuel cover.  SWIR 
indices did appear to perform better in multi-layered forests and were less affected by the 
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presence of dead fuel.  They could therefore be more useful for measuring fuel in both the 
canopy and understorey layers.  As SWIR indices are less affected by the presence of dead 
fuel, they could potentially be more accurate in measuring fuel in SCDS forests where dead 
fuel is often present in multiple layers. 
The main issue with Approach 2 however is that, while major disturbance events were 
unlikely to have occurred during the study period (i.e. fire events are accounted for), the GT 
data was not monitored to account for any unknown changes to cover.  Future research 
should therefore monitor data collection sites if only one image is used for points collected 
over multiple months to provide more accuracy to the method. 
For both approaches 1 and 2 the addition of the near-surface cover layer did not appear to be 
contributing to the spectral signal.  This supports ther previous studies that have found that 
remote sensors are limited in their ability to penetrat  down to the near-surface layers (Law & 
Waring, 1994; Riano et al, 2003; Kuusk et al, 2004; Rollins et al, 2004; Rautianinen et al, 
2007; Krasnow et al, 2009; Somers et al, 2010).  This implies that Landsat cannot directly 
measure surface fuel, but can still measure higher levels (canopy and elevated cover) to 
predict future fuel loads.  In SCDS forests the spectral signal is influenced by canopy trees 
and, to a significant level, understorey shrubs.  In this particular forest type, researchers 
therefore have to account for the contribution of the understorey when using remote sensing 
to measure fuel cover. 
6.4 Limitations of the current study 
The current study provided an initial analysis of the potential of Landsat 5 TM to measure 
fuel cover in SCDS forests and in turn, how factors such as the understorey, dead fuel and 
phenology can affect the spectral signal.  Future studies could improve on the current studies 
results in a few ways.  Firstly, when data collected over multiple seasons is used together, 
phenological effects need to be normalized for greenn ss indices.  By normalizing the data, 
future studies could also determine to what extent moisture indices are, or are not affected by 
phenological variation (i.e. if results can still be improved for these indices).  If only one 
image is used to extract spectral values for all points then data sites need to be monitored to 
ensure changes in spectral value are only due to phenological variation and not any unknown 
disturbances.  Secondly, larger data sets could be coll cted from all seasons to assess whether 
indices perform differently in their ability to measure fuel cover between different seasons.   
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Chapter 7: Conclusions 
 
Based upon the findings of the current study, the following conclusions can be made: 
1. Remote sensing shows the potential to measure fuel properties in Sydney Coastal Dry 
Sclerophyll Forests. 
2. The elevated fuel cover layer does contribute to the spectral signal when the effects of 
phenology and the presence of dead fuel (for greennss indices) are accounted for.  The 
near-surface fuel cover layer was not found to improve spectral indices abilities in 
measuring fuel cover, which suggests that the sensor cannot measure fuel down to this 
forest level. 
3. The components of live and dead fuel do have an effect on the spectral signal, in 
particular for indices that are calculated from visible and NIR wavelengths.  Indices that 
are calculated from SWIR wavelengths also showed a stronger relationship with fuel 
cover after the elimination of dead fuel when phenology was accounted for. 
4. When comparing the seven indices, their performances varied between approaches 1 and 
2: 
i. Greenness indices (SR, NDVI, GNDVI, SAVI and SATVI) were highly affected 
by phenological variation.  When this factor was accounted for however they 
showed a great potential for measuring forest fuel.  They performed best when 
only live fuel was considered.   
ii.  Moisture indices (NDIIb5 and NDIIb7) appear to not be as affected by 
phenological or seasonal variation.  They also apper to be able to penetrate 
further into the canopy, as relationships between the signal and cover became 
significantly stronger after elevated cover was added to canopy cover.  They are 
also less affected by the presence of dead fuel, as their performance still improved 
with the addition of elevated cover to canopy cover, without elimination of the 
dead fuel component. 
iii.  The performance of SATVI varied.  It was highly affected by phenological effects 
in Approach 1 similar to the other indices greenness indices (due to its red 
wavelength band).  However, when phenology was accounted for SATVI showed 
a similar pattern of performance to the moisture indices, where it was less affected 
by the presence of dead fuel (due to its SWIR wavelength bands). 
47 
 
7.1 Recommendations:  
Bushfire managers that use remote sensing to predict fuel in SCDS forests need to account 
for the contribution of understorey and both live and dead fuel to the spectral signal.  The 
findings of the current study imply that greater spectral index values suggest greater fuel 
cover, therefore Landsat images can be used to try and predict where the greatest loads of 
future fuel will occur.  Moisture indices could prove to be more accurate at measuring fuel in 
this particular forest type than traditional greennss indices, because they are less affected by 
variations caused by phenology and disturbance events.  If greenness indices are used, the 
data needs to be normalized, or alternatively, research rs could analyse data from different 
seasons separately.  Using one set of spectral values from one image for all the GT data may 
rule out phenological variation and save time when it comes to the processing of data, but 
sites need to be monitored to ensure no unknown chages in vegetation cover occur between 
the GT collection date and the Landsat image acquisition date.  Due to their SWIR 
wavelengths, moisture indices may be able to penetrate deeper into the forest layers, so 
should prove to be more effective at measuring multiple layers of fuel. With these factors 
considered future research could also study the effectiveness of alternative indices, such as 
SATVI, in their ability to measure dead fuel.  When phenological variation was accounted 
for, SATVI showed potential for measuring fuel in a multiple-layered forest that contains 
dead fuel in the layers.  Future research could test thi  index or develop one based upon 
similar principles that suits Australian vegetation better.   
In summary, all spectral indices performed well at predicting fuel cover, but moisture indices 
could be more suited to SCDS forests. They are less affected by phenological variation and 
have a greater ability to measure fuel in the understorey, which for forests containing 
multiple layers of fuel would provide a more accurate estimate of future fuel loads.  Moisture 
indices are also not as greatly hindered by the presence of dead fuel and do not suffer from 
saturation from measuring multiple layers to the extent that greenness indices do.  Moisture 
indices could therefore prove to be the best measurment option at predicting future fuel 
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Easting Northing UTM 
Zone  
Site Location Collection 
Date 
PS005 2.5 1 327240 6272531 56 Ku-ring-gai Chase NP 20/07/2009 
PS009 3.6 1 342633 6298266 56 Brisbane Water NP 3/08/20 9 
PS010 7.7 2 312922 6217983 56 Garrawarra Hospital 6/08/2009 
PS015 6.6 2 340256 6298742 56 Brisbane Water NP 24/08/2009 
PS019 4.1 1 342298 6298168 56 Brisbane Water NP 24/08/2009 
PS020 35 3 338429 6309034 56 Brisbane Water NP 25/08/20 9 
PS021 35 3 338356 6309872 56 Brisbane Water NP 25/08/20 9 
PS023 0.5 1 338296 6312239 56 Brisbane Water NP 25/08/2009 
PS024 6.6 2 340210 6296778 56 Brisbane Water NP 31/08/2009 
PS025 15.6 3 331196 6294038 56 Popran NP 31/08/2009 
PS026 7.8 2 330466 6293815 56 Popran NP 31/08/2009 
PS028 7.8 2 341047 6287803 56 Brisbane Water NP 31/08/2009 
PS029 18.8 3 339619 6286891 56 Brisbane Water NP 1/09/2009 
PS031 15.7 3 334404 6305611 56 Popran 7/09/2009 
PS033 7.8 2 334599 6312681 56 Popran NP 7/09/2009 
PS037 0.7 1 315382 6220353 56 Royal NP 30/09/2009 
PS038 0.7 1 315628 6220343 56 Royal NP 30/09/2009 
PS045 15.8 3 326790 6227136 56 Royal NP 14/10/2009 
PS046 15.8 3 326456 6227151 56 Royal NP 14/10/2009 
PS050 5.1 1 321663 6231137 56 Royal NP 22/10/2009 
PS051 7.8 2 319736 6230017 56 Royal NP 22/10/2009 
PS056 7.8 2 321692 6223538 56 Royal NP 28/10/2009 
PS057 15.8 3 320063 6217182 56 Royal NP 4/11/2009 
PS078 2.3 1 340602 6282214 56 Ku-ring-gai Chase NP 17/02/2010 
PS079 16.1 3 339533 6280816 56 Ku-ring-gai Chase NP 17/02/2010 
PS080 6.1 2 337632 6273931 56 Ku-ring-gai Chase NP 18/02/2010 
PS081 6.1 2 338961 6275518 56 Ku-ring-gai Chase NP 18/02/2010 
PS082 16.1 3 332048 6286358 56 Muogamarra NR 25/02/2010 
PS083 5 1 325107 6276747 56 Berowra Valley RP 25/02/2010 
PS099 8.3 2 317461 6226543 56 Royal NP 9/04/2010 
 






















PS005 13.75 18.75 15.23 3.52 17.50 14.22 3.28 22.50 
PS009 26.67 18.33 11.92 6.42 26.67 17.33 9.33 91.67 
PS010 35.71 11.43 8.00 3.43 30.00 11.57 18.43 100.00 
PS015 14.00 30.00 27.60 2.40 24.00 14.40 9.60 96.00 
PS019 20.00 16.00 11.20 4.80 30.00 21.60 8.40 92.00 
PS020 24.00 24.00 19.68 4.32 54.00 33.48 20.52 98.00 
PS021 22.00 52.00 29.12 22.88 44.00 24.64 19.36 98.00 
PS023 10.00 18.00 3.24 14.76 22.00 18.48 3.52 32.00 
PS024 22.00 38.00 31.16 6.84 18.00 13.32 4.68 72.00 
PS025 28.00 20.00 13.20 6.80 28.00 8.40 19.60 92.00 
PS026 14.00 26.00 23.40 2.60 30.00 14.40 15.60 80.00 
PS028 16.00 28.00 23.52 4.48 40.00 24.80 15.20 78.00 
PS029 22.00 32.00 15.36 16.64 22.00 2.64 19.36 86.00 
PS031 22.00 36.00 20.88 15.12 22.00 6.16 15.84 98.00 
PS033 38.00 18.00 13.68 4.32 40.00 9.60 30.40 100.00 
PS037 30.00 10.00 3.00 7.00 6.00 2.76 3.24 46.00 
PS038 27.14 7.14 1.73 5.41 5.71 1.88 3.84 31.43 
PS045 41.43 12.86 9.92 2.94 35.71 6.12 29.59 100.00 
PS046 11.43 34.29 26.94 7.35 21.43 5.20 16.22 97.14 
PS050 38.00 4.00 3.76 0.24 16.00 8.00 8.00 88.00 
PS051 26.00 36.00 33.12 2.88 34.00 16.32 17.68 100.00 
PS056 27.14 31.43 28.29 3.14 20.00 11.14 8.86 95.71 
PS057 20.00 38.57 28.65 9.92 35.71 11.73 23.98 100.00 
PS078 17.14 20.00 18.29 1.71 21.43 18.67 2.76 34.29 
PS079 18.57 47.14 35.02 12.12 30.00 14.14 15.86 100.00 
PS080 22.00 22.00 20.24 1.76 20.00 12.80 7.20 94.00 
PS081 20.00 27.14 23.27 3.88 22.86 15.02 7.84 94.29 
PS082 28.57 31.43 22.90 8.53 37.14 13.27 23.88 97.14 
PS083 35.71 14.29 12.45 1.84 34.29 20.57 13.71 97.14 

















Appendix B: Spectral indices images 
Example images for each of the spectral indices, calculated from the 23 September 2009 
Landsat 5 TM images.  Images labelled “A” represent the data collection regions north of 
Sydney, and images labelled “B” represent the data collection region south of Sydney. 
































































Appendix C: Spectral index values obtained for each site in different seasons 
 
Indices calculated from visible and NIR wavelengths (SR, NDVI, GNDVI and SAVI) showed differences in spectral reflectance between 
seasons.  Indices calculated from NIR and SWIR wavelengths (NDIIb5 and NDIIb7) showed less of a contrast in spectral reflectance between 
seasons.  The pattern for SATVI is less uniform in difference between seasons and this variation can probably be attributed to the fact it is 
calculated from both visible and SWIR wavelengths. 
 














































































































































































































































































































































































































































































































































































































































































































































































Appendix D: Scatterplots for all analyses 
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